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Abstract. To take maintenance measures timely and to prolong the lifetime of a bearing as a 
whole, bearing users need to know the current health state of the bearing. Those existing methods 
for health assessment are mostly based on fault samples and/or decline samples of bearings. 
However, the bearings are always not allowed to fail in the practical engineering application in 
consideration of the enormous harms and great damages might be caused by the bearing fault. So 
the fault samples or decline samples of bearing are often lacking. In this point of view, this paper 
presents a quantificational health assessment method for rolling bearing based solely on normal 
samples and SOM network. To demonstrate the capability of the proposed method, a series of 
vibration datasets of the bearings under various health states were employed to conduct case study. 
And this paper expresses the uncertainty of assessment results after training for many times by the 
probability density function (PDF). 
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1. Introduction 
With the development of the fault diagnosis and health management method of rolling bearing, 
the state of rolling bearing could be divided into three categories: health, sub-health and fault [1]. 
A lot of researches on health assessment have been carried out in recent years. Jay Lee applied the 
Cerebellar Model Articulation Controller (CMAC) to monitor machine performance degradation 
[2]. Casoetto et al. used autoregressive model and feature mapping to assess the performance of 
the multi-sensor signal acquisition process of welding head [3]. Zhang et al. combined the 
principal component analysis and CMAC to evaluate the performance of the cutting tools of 
drilling machine [4]. Liu et al. combined the fault observer and SOM network to assess the 
performance degradation of hydraulic servo system [5]. Van Tung Tran et al. used proportional 
hazard model and support vector machine to conduct performance degradation assessment [6]. 
ZENG et al. presented that the assessment of equipment degradation could be conducted based on 
KPCA-HSMM and verified the feasibility of this method by the data of rolling bearings [7]. 
The above-mentioned research contributions were mostly based on the fault or decline samples 
of bearings and solved the problem of bearing fault diagnosis and health assessment to some  
sextent. However, there are often not enough fault samples or decline samples of bearings since 
the bearings are always not allowed to fail in the practical engineering application. Although there 
are some state assessment methods based on normal samples, the bearing users can only determine 
whether the bearing is fault or not according to the difference between current sample data and 
normal samples data of the bearing by those methods. And they cannot describe the current health 
state of the bearing quantificationally [8-12]. 
In order to solve those existing problems, this paper puts forward a quantificational health 
assessment method of rolling bearing based solely on normal samples. First, extract the time 
domain features of the vibration signal to reflect the state change of the bearing at the most extent. 
Then calculate the distance between the feature space corresponding to current state and the 
feature space corresponding to normal state. Finally, obtain the health value of the bearing under 
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current state by the SOM network assessment model according to the distance. Moreover, this 
paper expresses the uncertainty of the health assessment results by probability density function 
(PDF). In case study, this paper uses the real vibration data of the bearings under different 
damaged states to demonstrate the capability of the proposed method. 
2. Global feature extraction 
The feature extraction methods commonly used in the field of bearing fault diagnosis mainly 
include time-domain analysis, frequency-domain analysis and time-frequency analysis [13-16]. 
This paper focuses on the health state assessment of the entire bearing with the consideration that 
it is more effective and reasonable for personnel to replace a bearing as a whole rather than any 
aspect of the bearing in real applications. That is to say, we don’t need to identify the faulted 
location is inner ring, outer ring or rolling element. Therefore, this paper uses the time-domain 
feature extraction method to extract the information included in the vibration signal and reflect 
the entire state of the bearing. The time-domain parameters of vibration signal are consisted of 
dimensional parameters and non-dimensional parameters. The dimensional time-domain 
parameters could be expressed as: 
Mean: ܺ = ଵே ∑ ݔ௜ே௜ୀଵ . 
Maximum: ܺ௠௔௫ = ݉ܽݔሼ|ݔ௜|ሽ. 
Minimum: ܺ௠௜௡ = ݉݅݊ሼݔ௜ሽ. 
Effective value: ܺ௥௠௦ = ටଵே ∑ ݔ௜ଶே௜ୀଵ . 
Variance: ܦ௫ = ଵேିଵ ∑ (ݔ௜ − ܺ)ଶே௜ୀଵ . 
Peak-to-Peak Value ܺ௣ି௣: the difference between the maximum peak and the adjacent lowest peak. 
Root Amplitude: ܺ௥ = ቂଵே ∑ ඥ|ݔ௜|ே௜ୀଵ ቃ
ଶ. 
Average Amplitude: หܺห = ଵே ∑ |ݔ௜|ே௜ୀଵ .  
Kurtosis: ߚ = ଵே ∑ ݔ௜ସே௜ୀଵ . 
Among these parameters, the peak-to-peak value is considerably sensitive to the amplitude 
variation, and it will increase sensitively along with the increase of the amplitude of vibration 
signal. So, the peak-to-peak value is selected as a time-domain feature used in this paper. In 
addition to the above-mentioned dimensional parameters, there are also many non-dimensional 
parameters. The commonly used non-dimensional features in time-domain are as follows: 
Crest factor: ܥ௙ = ௑೘ೌೣ௑ೝ೘ೞ .  
Impulse Factor: ܫ௙ = ௑೘ೌೣห௑ห .  
Margin Factor: ܥܮ௙ = ௑೘ೌೣ௑ೝ . 
Kurtosis Factor: ܭ௩ = ఉ௑ೝ೘ೞర . 
Where the kurtosis factor is more sensitive to the bearing fault with shock pulse. And this 
parameter will increase obviously when the early failure occurs. So, the kurtosis factor is choosed 
to extract the information included in the vibration signal and reflect the state of the entire bearing 
in this paper. Both the sensitivity and stability of the feature parameter are considered by choosing 
appropriate time-domain features.  
3. The health assessment model 
3.1. The principle of SOM network 
The self-organizing feature maps (SOM) network was first put forward by professor Kohonen 
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in Finland in 1981. The algorithm used in SOM network called Kohonen algorithm, and its basic 
idea is that each neuron at output layer competes for the chance to respond to the input. Eventually 
only one neuron is the winner. And the winning neuron will affect its nearby neurons, for example, 
making the connection weight between the winning neuron and its nearby neurons changes for 
winning the chance [17]. In this paper, the SOM network is applied to bearing health assessment 
using only normal samples for its high generalization ability, fast learning rate and intuitive output 
layer results, which provides a new method for rolling bearing heath assessment. A 
two-dimensional model of SOM network is shown in Fig. 1.  
Output Layer
（Competitive Layer）
Input Layer...  
Fig. 1. A two-dimensional model of SOM network 
The training process of the SOM network using self-organizing competitive method is as 
follows:  
1) Initialize the network. 
Give a small random weight to each connection weight between the input unit and the output 
unit. And define the maximum length of training as the term of finishing the training. 
2) Determine the best matching unit.  
As for any sample ݔ in the training data set, calculate the Euclidean distance between the 
samplexand each output node and find out the output node that is the closest to the samplex. Then 
the output node that is the closest to the samplexis called the best matching unit (BMU) of the 
sample ݔ and is denoted by ݉௖. Then: 
‖ݔ − ݉௖‖ = ݉݅݊௜ ሼ‖ݔ − ݉௜‖ሽ. (1)
(3) Adjust the parameters. 
At first, determine all of the nodes within the neighborhood of the best matching unit according 
to the neighborhood function. Then adjust the connection weight between the BMU and the nodes 
within its neighborhood: 
ݓ௜(ݐ + 1) = ݓ௜(ݐ) + ߙ(ݐ) ⋅ ℎ௖௜(ݐ) ⋅ ൫ݔ(ݐ) − ݓ௜(ݐ)൯, (2)
where ݓ௜(ݐ) stands for the connection weight of node ݅ at step ݐ. And ߙ(ݐ), which is a descending 
function, is the learning rate at stept. ℎ௖௜(ݐ) is the neighborhood function.  
(4) Train the network circularly. If the maximum length of training has not been achieved, turn 
back to step (2) and train again. Otherwise the training process is over. 
3.2. Health assessment with a health indicator MQE 
Train the SOM network by the time-domain feature of vibration data from the normal bearing. 
Then take the time-domain feature of vibration data from the bearing under current state as the 
test sample of SOM network. Next find out the best matching unit of each test sample in the output 
nodes of the trained SOM network. Finally, assess the current health state of the bearing by the 
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distance between the test sample and best matching unit which is called Minimum Quantization 
Error (MQE): 
ܯܳܧ = ‖ܦ − ݉஻ெ௎‖, (3)
where ܦ is the test vector of current state, and ݉஻ெ௎ is the weight of the best matching unit. 
Normalize the value of MQE and represent the current health state of the bearing using the 
normalized MQE. The larger the normalized MQE is, the better the health state of the bearing is. 
Moreover, this paper expresses the uncertainty of assessment results after training for many times 
through the probability density function (PDF), and take the health assessment value that is 
corresponding to the maximum value of probability density function as the final assessment result, 
i.e. this assessment result is the most likely outcome.  
4. Case study 
In this paper, the bearing fault experiments were conducted by the Case Western Reserve 
University (CWRU) and the type of the bearing used in these experiments was 6205-2RS. The 
sampling frequency was 12 kHz and the rotate speed is 1772 rpm. Moreover, there are five kinds 
of diameters of implanted bearing damage, the five kinds of diameters are 0 inch, 0.007 inch, 
0.014 inch, 0.021 inch, 0.028 inch. As discussed in Section 2, this paper selects two time-domain 
parameters, the peak-to-peak value and the kurtosis factor, as the features of vibration signal to 
assess the health state of the bearing. 
Take the peak-to-peak value and kurtosis factor of the vibration signal of the bearing under 
normal state as training samples of SOM network. As for the five kinds of damaged bearings, 
calculate the peak-to-peak value and kurtosis factor of the sampling data of each kind of damaged 
bearing to be the test samples of SOM network, as shown in Fig. 3. The peak-to-peak value and 
kurtosis factor are both increasing, i.e. the feature space corresponding to current state gradually 
deviates from the feature space corresponding to normal state. 
 
Fig. 3. The time-domain feature of the vibration data under different damaged states 
Then take the test sample as the import of the 500 trained SOM networks to obtain 500 
assessment results of the bearing under different state. Next calculate the PDF of the 500 
assessment results to get the final assessment result which is the health assessment value 
corresponding to the maximum value of PDF, as shown in Fig. 4. And list the final assessment 
result in Table 1. 
Table 1. The final assessment results of the bearings under different damaged states 
The damaged states 0 inch 0.007 inch 0.014 inch 0.021 inch 0.028 inch 
The final assessment results 0.97996 0.96117 0.92952 0.86992 0.80655 
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Data in Fig. 4 and Table 1 show that the results of five times health assessments for each kind 
of damaged bearing are very close with stipulating the health value of the bearing under the normal 
state as 0.98. When taking the time-domain feature of the vibration signal of normal bearing as 
the test sample, the mean value of health assessment by the SOM network is 0.97996 which is 
close to 0.98. This fact suggests that the health assessment model is effective. Furthermore, the 
health states are 0.96117, 0.92952, 0.86992, 0.80655 for bearings with different damage levels of 
0.007, 0.014, 0.021, 0.028 inch respectively. Therefore, the results of health assessment for the 
bearings under different damaged state is coincident with the degradation law of bearings. 
 
Fig. 4. The PDF of assessment results and the final assessment results  
of the bearings under different damaged state 
5. Conclusions 
This paper proposed a health assessment method of rolling bearing based solely on normal 
samples, and uses the real vibration data of bearings under different damaged states to conduct 
case analysis and obtains the current health value of the bearings quantificationally and  
reasonably. There are mainly three differences between the new method used in this paper and the 
traditional method. First, the new method extracts the time-domain feature reflecting the entire 
state of the bearing. Second, the new method is based solely on normal samples of the bearing. 
Third, the new method expresses the uncertainty of the assessment results by PDF after obtaining 
the health assessment results by the health assessment model. In the future, it is necessary to 
further research the way to assess the health state of bearings under different working conditions. 
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